Abstract On-line analysis of Transmission Electron Microscope (TEM) images is a field with great interest that opens up new prospects regarding automatic acquisitions. Presently, our work is focused on the automatic identification of artificial membranes derived from 2D protein crystallization experiments. Objects recognition at medium magnification aims to control the microscope in order to acquire interesting membranes at high magnification. A multiresolution segmentation technique has been proposed for the image partition. This paper presents an analysis of this partition to extract the background. To achieve this goal in very noisy images, it is essential to suppress false contours as they split the background into multiple regions. Statistical properties of such regions are not always sufficient for their identification as background. The analysis of these regions contours was therefore considered. In the proposed solution, the elimination of false contours is based on the statistical examination of the perpendicular gradient component along the contour. After this improved segmentation, the background extraction can be easily effectuated since this resulting region appears bright and large.
Introduction
2D crystals consist of proteins inserted within bi-lipidic layers in an organized manner. 3D information can be extracted from these artificial crystals; more specifically, it allows membrane proteins structure and function to be assessed. However, optimal conditions need to be established so that crystals formation will be correctly performed. For this purpose, a large quantity of crystallization trials is screened with a Transmission Electron Microscope (TEM). An automatic solution concerning the preparation of these trials and their image analysis is thus essential [1] .
As already detailed in previous work [10] , automatic assessment of 2D membranes requires the acquisition of a certain number of images at different magnifications. Each magnification step (low, medium, high) is related to two tasks: im-age acquisition, and on-line image processing. Low and medium magnification image processing aims to globally characterize the sample and determine the regions of interest to be explored. Membranes will be finally examined at high magnification to assess the success of the crystallization. We present here certain aspects of TEM image processing acquired at medium magnification (x5000).
TEM images at medium magnification appear globally within a wide gray level range as they can contain dark objects (protein or membrane aggregates, staining artifacts) within a bright background with gray level fluctuations. However, interesting non-superposed membranes are low contrasted, slightly darker than the background with borders that often mark membrane boundaries. The low contrast of the objects of interest makes image processing all the more difficult as TEM images appear particularly noisy.
The principal objective of our image analysis at medium magnification is to identify interesting membranes to provide certain statistical characteristics (such as quantity, size, shape, etc) and to trigger a new acquisition at high magnification.
This paper deals with the background-foreground objects recognition within medium magnification images. For membrane detection, a multiresolution segmentation approach has been proposed and is briefly discussed in section 2. This segmentation algorithm leads to an image partition, without specifying which regions belong to the foreground objects or the background. A region, by itself, does not have enough characteristics to realize its classification. Membrane object identification therefore requires the background extraction. The segmentation often splits the background into smaller regions. Our approach, described in section 3, eliminates false contours that create the over segmentation. In this way, the background can be regarded as a large and bright region that can be simply extracted based on tthese two hypotheses.
TEM Image Segmentation
In this section we will discuss the first part of the membrane identification process: the edge segmentation algorithm applied to membrane detection.
Low contrasted membrane boundaries are not always characterized by a sufficient gradient; their gradient amplitude and/or direction varies along the contour. A multi resolution mechanism was therefore employed. Multi resolution gradient analysis, as proposed in [2] , overcomes problems that common edge techniques face in TEM images. This method employs coarser resolutions to enhance edge detection. An automatic, adapted thresholding is embedded to this gradient analysis. The threshold for each resolution is determined automatically based on a histogram analysis that results in a confidence threshold of 2%. In this way, at each resolution, a reasonable amount of noisy gradients is retained.
This analysis results in a set of binary images that are combined to form a reconstructed gradient like (RGL) image. The value of each pixel in the RGL image indicates the best scale at which it has been thresholded. RGL image provides a better compromise between edge detection and localization precision. Compared to a gradient image, the RGL image is an edge map almost noise-free and is suitable for the watershed transform.
The watershed transform is then applied on this gradient image which produces the segmented image. This algorithm progressively floods the regions starting from the minima values and marks the merging of two basins with the watershed line [3] . The resulting watershed lines situated along the edge ridges, partition the image into regions formed by 1-pixel-width closed contours; and thus providing a convenient partition of the image.
Results showed that TEM images are segmented satisfactorily. All important low contrasted membrane contours are extracted in various TEM images. We noticed that all membrane regions are detected with an over segmentation disturbing mostly the background of the image.
Background Extraction
This section deals with the second part of the membrane recognition process. After having partitioned the image into regions, we need to define the objects that are present in our images. As a straight definition for objects characteristics is difficult to be given, we can consider the recognition problem differently: including gradual steps, beginning from differentiating the background from the foreground objects by extracting it.
The problem of the background extraction is principally raised because of the absence of a simple criterion for the foreground-background separation. Common methods are based on global or local threshold techniques. However, in complex images, such methods cannot be considered. Examples of background extraction can be found in color natural images where the size, the position and the color of the background [9] are used as hypotheses for its extraction. In text document images, background is discriminated from text based on local statistical properties of predefined regions (connected components) [8] . Others refine or adapt segmentation results in order to detect the objects of interest and background [6, 7] .
Background Characterization
Region characteristics are not sufficient to classify them into backgroundforeground regions. The background is generally a large, continuous and bright region that the segmentation algorithm often splits into many unnecessary regions. Fig.1 shows a classical example of such an over segmentation. Four of the segmented regions, where regions 1 and 4 are low-contrasted membranes and 2 and 3 background regions, present similar average intensities. This last does not allow a satisfactory discrimination between membranes and background. We propose a method specific for the treatment of our images. We assume that the background region is characterized by: a) a large and continuous image region with no specific shape, b) a high average gray level, presenting sometimes important local fluctuations in combination with a strong noise, c) almost no structured gradient.
Contour Validation
Edge detection algorithms are disturbed by statistical fluctuations of the background. False contours appear that can be eliminated with an a posteriori validation method.
The contours, even for a low contrasted membrane, are correlated with a true gradient. This correlation is not verified with false contours, even if they have been induced by a strong gradient. The contrast in the vicinity and along the boundary is therefore clearly an important criterion.
For contour validation, we developed a method based on the gradient perpendicular to the contour [4] . The principle of this method is now described. The gradient perpendicular to the contour permits to detect and then eliminate the false contours. This gradient measure was computed for each contour pixel by extracting the 1D transition profile perpendicularly, as illustrated in Fig. 2 , and then correlating this profile with a gradient reference filter.
The importance of noise and the assumptions concerning its nature, made statistical hypothesis test an essential step. The gradient measure is therefore assessed by means of a hypothesis test. In order to set an optimal threshold for our decision, the average correlation measure was computed for the whole segment; this last is defined as the group of edge pixels that separate two adjacent regions. This measure was reinforced by taking into account the gradient's amplitude and direction along the contour. Finally, a segment is validated if there exists a gradient perpendicular to the contour statistically significant.
However, for false contours elimination, an iterative solution was chosen as in [7] . In order to obtain meaningful regions, we searched for each one the most appropriate fusion. Results showed that this elimination is efficient concerning the background as it is not significantly disturbed by spurious contours, facilitating its extraction.
Background Extraction Algorithm
After false contours elimination, the background is now considered free from over segmentation. It is no more divided into small regions but appears as a large region. This characteristic is verified in all our images. This background region appears globally bright even though it presents some gray level fluctuations related to the acquisition conditions (non-uniform illumination, etc.).
We propose a background extraction technique that is composed of three steps: T , region i R is retained as a background region, We introduce supplementary tests to avoid detecting a large membrane region as background, using the fact that this region neighbors the background.
2) For each background region detected, find all neighbors; 3) If two neighboring regions are selected as background, use the gradient direction of the contour segments validated during the contour validation step (section 3.2) to retain as background only the brightest region.
Thresholds s T and i T are set empirically as they are highly image dependent.
As an example, s T is set to 10% of the image size, and i T to 70% of the maximal region average gray level value. These thresholds were tested for a large number of TEM images providing a satisfactory background selection. 
Results
The efficiency of the whole proposed method has been systematically assessed on various series of images acquired with different TEMs taken under standard acquisition conditions of illumination and exposure time. These images contain membranes of different types (such as sheets-like membranes or vesicles) and sizes where our algorithm was able to extract the regions of interest satisfactorily and finally identify the image background. More specifically, the proposed segmentation and background extraction scheme has been tested on 45 representative TEM images. The quantitative evaluation of Table 1 was established according to an expert's analysis. Our technique extracted and suitably selected the important contours segmenting all foreground objects.
We consider the background well-detected even if small background regions within the image are not identified. They represent less than 4% of the total image size. Table 1 shows that the background in 87% of the images has been welldetected, among them 13% contained small undetected regions (Fig. 4) . A background is considered partially detected when a background region of a more important size is not identified (representing 4% to 8% of the total image size). Complementary algorithms are currently implemented to improve the detection of this kind of regions. In the case of a background misclassification, at least 50% of the background surface is not detected.
On the other hand, foreground objects are globally properly classified as such. Fig.3a illustrates an example of a typical TEM image part. In the left hand side of the image, a huge vesicle stack can be observed. Fig.3b shows the initial segmentation of the image where the background over segmentation can be clearly noticed. This last is resolved by the detection and elimination of false contours as shown in the next step of the process (Fig.3c, 3d) ). The background is then extracted allowing a clear distinction between the two classes objects-background.
Conclusion
We described a chain process for the extraction of the background in gray level TEM images. This process starts with a multiresolution edge extraction technique that segmented low contrasted membrane regions. False contours were then eliminated by means of a statistical validation technique. This last enables a proper false-true edge classification and therefore a correct background-object distinction. Background appears large and bright, characteristics that allow its extraction. This technique is implemented for objects recognition on electron microscope images.
